A critical determinant of the success of digital platforms is the availability of third-party complements. In order to foster the creation of such complements, platforms often rely on boundary resources: software tools and libraries that support and lower the costs of developing complementary innovations. However, while such boundary components are increasingly widespread, little is understood about how these components shape subsequent innovation outcomes. Here, we focus on a particularly important form of boundary resource for digital platforms: Middleware components for software development. We theorize how middleware may shape both the novelty of products being created and their subsequent market value, and propose a number of mechanisms for these effects, for which we attempt to find evidence. We test our predictions by looking at the development of console games during 6th and 7th generation of gaming consoles. We find that the introduction of licensed middleware such as third-party game and graphics engines, lead to the creation of less novel, but more commercially successful products. We attribute this to the fact that middleware allows firms to reallocate resources from developing basic functionality (such as programming how the graphics will be rendered for the target platform), to other elements that make games more valuable and successful on the market (such as story or game mechanic innovation). Our results have implications for how we think about the impact of boundary resources such as middleware on digital platforms, and recombinant innovation more broadly.
Introduction
Platform based businesses benefit from having diverse and high quality complementary products (Gawer, 2014; Parker & Van Alstyne, 2005) . This generally translates into a need to attract and cultivate third-party complementors to build up the ecosystem of complements around the platform (Boudreau, 2012; Tiwana et al., 2010; Gawer and Cusumano, 2014) . A key element of attracting such complementors is the role of boundary resources (Ghazawneh & Henfridsson, 2013) , resources such as software tools and libraries that represent re-usable and modular components for developing subsequent software innovations and are at the interface of the digital platform and the complement. Yet, while these "middleware" components are widely used on many digital platforms such as iOS and Xbox, it is unclear how the existence of these components shapes innovation outcomes and how the products created by using these components differ from those that are created "from scratch". In this paper, we study how the use of middleware influenced the subsequent complementary products (henceforth, innovations) that were created for digital platforms.
An important type of "boundary resource" that enables and encourages the creation of software based digital products is the middleware. Middleware is defined as a software component, that can be reused by multiple products, that serves to automate basic (lower level or operational) functionalities. Therefore, middleware allows its users to automate underlying complex tasks by abstracting them through modularity (Baldwin and Clark, 2000) . Examples of middleware include game engines that provide all necessary tools and automation of low-level functionalities for the development of core elements of a game's code, such as: graphics rendering, audio, real-world physics system, GUI and scripting.
1 Similarly, software APIs or user written software packages that are used in end user software or data science applications may also be considered middleware. 2 Using middleware can be thought as a specific form of technological recombination, where innovators are choosing to reuse the combination of technological components that constitutes the middleware, instead of seeking out other components individually or creating everything themselves. While the idea that innovation is a recombinant process where innovators have discretion about which components they can build upon and recombine has long been studied (Nelson and Winter, 1982; Weitzman, 1996; Schumpeter, 1942) , there has not been much inquiry into how reusing technological components shapes innovative outcomes. In particular, the question of whether to reuse an existing technology, or to develop the technology from scratch, is not well understood, even though virtually all innovators face this decision.
The reuse of an existing set of technologies may shape innovative outcomes in a variety of ways.
Having a technological component that may be reused modularly across different technologies may give more opportunities for recombination (i.e., recombinatorial scope) by lowering the costs of experimentation and allowing innovators to experiment with different combinations (Gawer, 2014; Tiwana et al., 2010; Fleming and Sorenson, 2001; Baldwin and Clark, 2000) . It may also allow firms to re-allocate resources from developing core technologies, to more creative and distinguishing activities.
This could in turn lead to more innovative or more valuable innovations. At the same time, building on an existing set of technologies that allows developing further innovations also brings customization costs (Arora et al., 1998; Bresnahan and Gambardella, 1998) as the design choices and limitations of the underlying technology are inherited when a technology is reused (Fleming and Sorenson, 2001; Schilling, 2000) . Alternatively, lowering costs of production by creating the possibility to develop basic products through reuse could also lead to a proliferation of low cost/low quality "innovations", such as the rapid entry of mobile apps in the App Store (Boudreau, 2018) .
As these arguments suggest, the relationship between the reuse of a particular technology component (i.e., middleware) and the subsequent innovation outcomes is not just shaped by the recombinatorial scope of the technology. Instead, they are also shaped by the selection process of who chooses to reuse this technology and their different motivations in doing so. For example, it may enable larger firms to reallocate resources to more creative and valuable tasks to create successful innovations, or it may enable smaller firms to experiment and enter into the marketplace with (likely lower quality)
innovations. We focus on understanding the result of this selection process by studying how the decision of an innovator to reuse a technological component versus recreating the technology themselves is associated with different innovative outcomes such as product market demand or novelty.
We find that the use of middleware components is associated with lower novelty but more commercial success. We attribute this to the fact that middleware components allow firms to reallocate resources from more basic development to more value added activities in innovation, and in turn developing commercially successful products. However, we also find that this association is contingent on the previous experience of the firm in using a middleware tool. We interpret these results in two ways:
First, effective use of even middleware requires previous experience (Cohen and Levinthal, 1990 ) -its effects do not realize without any familiarity with it. Second, firms that have the appropriate organizational capabilities and structure are able to utilize middleware as part of their development process, and able to change their innovation outcomes by using these tools.
This paper contributes to several streams of literature. First, we contribute to the literature on platforms, boundary resources, and complementary product innovation (Eaton et al., 2015; Ghazawneh & Henfridsson, 2013; Yoo et al., 2010; Tiwana et al., 2010) , by considering how the availability of middleware, an important boundary resource for digital platforms, influences the types of innovations created for them. Additionally, we contribute to the study of recombinant innovation (Fleming, 2001; Fleming et al., 2007) , including the studies that have looked at general purpose technologies (technologies that are used in developing a wide variety of further technologies (Bresnahan and Trajtenberg, 1995) and modular components for innovation (Baldwin and Clark, 2000) . While these studies have suggested how the structure of recombinations may influence innovation outcomes, they did not consider the choice of whether and how using particular technological components affects product outcomes such as revenues or product novelty.
Literature Review
Attracting third-party complementors to a platform and creating conditions for them to develop complementary innovations is an important aspect of platform strategy (Gawer, 2014) . Recent research has highlighted the key role played by boundary resources: The tools (and policies) that the platform owner provides or gives license to third parties to transfer design capability to complementors and form the interface between platform owner and the complementor (Ghazawneh & Henfridsson, 2013) .
Boundary resources refer broadly to the tools and toolkits such as APIs that have been released on these platforms (Eaton et al., 2015; Ghazawneh & Henfridsson, 2013; Yoo et al., 2010) . Their importance as a theoretical concept stems from the role that such tools or policies have in stimulating innovation (i.e., "resourcing") or increasing control over the platform (ie. "securing") (Ghazawneh and Henfridsson, 2013) . Focusing on middlewares as an instance of a tool for "resourcing" complementors (Eaton et al., 2015) , we will review how literatures on recombinant innovation, modularity, and general purpose technologies as they relate to our hypotheses on the relationship between the use of middleware and innovation outcomes.
Recombinant Innovation
Many of the studies that have looked at different factors that shape the "type" of innovation, or the direction of innovation, have thought about innovation as a "recombinant process". The idea that innovation is a 'recombinant process of reusing and recombining existing technologies' is a longstanding idea (Nelson & Winter, 1982) that can be traced back to Schumpeter (1942) . Existing studies of recombinant innovation often focus on the production of academic knowledge, measured through the publication of academic research papers, or technological innovations, measured through patents and patent based metrics (Garud et al., 2013; Flath et al., 2017) . Many studies have looked at how these different metrics may be associated with market or innovation outcomes (Arts and Veugelers, 2015; Schilling and Green, 2011) . The majority of these studies have looked at how different factors influence the impact of this recombinant process on the number (or intensity) of these outcomes (Katila and Ahuja, 2002; Rosenkopf and Nerkar, 2001) . Fewer studies have focused on how the recombinant innovation process may shape the novelty or distinctiveness of innovation outcomes.
Studies looking at the production of academic knowledge have found that the introduction of new tools or knowledge, influenced greatly the development of academic fields. Teodoridis (2017) find that the hacking of the Microsoft Kinect, which suddenly reduced technology costs in motion-sensing research, allowed specialist researchers from other fields to enter into this research domain to work together with generalist researchers, resulting in more diverse team combinations undertaking research.
Similarly, Agrawal et al. (2016) found that the following the collapse of the Soviet Union and the sharing of previously unknown knowledge in mathematics with broader academia, shifted academic research in mathematics by opening up new areas for research.
Similarly, studies looking at the combination of different technological components through patent data have looked at how different factors are associated with the novelty of the resulting innovation.
For instance, Fleming (2001) found that innovations based on existing components are on average more useful, but less novel. Kaplan and Vakili (2015) similarly find that using more familiar components leads to more useful innovations on average. Mukherjee et al. (2016) have found that the most useful (or impactful) innovations are those that are based on combining common or conventional technological knowledge, with more distant or less conventional technologies. A broader literature has explored the different nuances of where recombining technological components may shape innovation outcomes (Katila and Ahuja, 2002; Rosenkopf and Nerkar, 2001) .
While these studies have motivated the importance of understanding how technological innovations are recombined, they focus on settings where innovators (either academic researchers or patenting inventors) have the opportunity to search different technologies and adopt the ones they find
appropriate. Yet, little is known about the underlying selection process in this case where we understand how innovators have chosen to build on or reuse a particular innovation. Perhaps we are not observing recombinations that do not result in successful innovations leading to a selection bias (see Griffith et al., 2017) . Qualitative studies have attempted to study this in specific, high impact cases (Majchrzack et al., 2004; Ben-Menahem et al., 2016 ). Yet, without being able to observe instances where innovators do not use particular components in recombination, it is difficult to understand how a specific recombination process and building upon existing technologies influence innovation outcomes.
Furthermore, existing studies have looked primary at innovation outcomes such as forward citations, number of outputs in terms patents or publications, and the market-for-technology value of the innovation (Hall et al., 2005) . It is implied that these results translate into product market outcomes. For example, radical innovation in terms of citations may represent radical innovations in the product market as well (Hall et al., 2005 ). Yet, there has not been empirical evidence linking technological recombination and reuse to product market outcomes such as revenues or product distinctiveness (which is different from technological distinctiveness).
Modularity and Innovation
One literature which has explored the relationship between recombining technological components from a different perspective is the literature on modularity. The literature on modularity purports that firms may have an advantage or impetus to modularize their innovation (Pil and Cohen, 2006; Baldwin and Clark, 2000) , to split the innovation into independent and substitutable components that can be interchanged. Modular systems are themselves defined as being combined of "modules" that independently perform distinct functions (Gershenson et al., 2003; Schilling, 2000; Simon, 1962) .
Modularity relates to the idea that firms have a discrete choice whether they will use a particular technology and the recombination decision. This relates to the "product architecture" that determines how different elements of a product fit together (Ulrich, 1995) . Products may be made with modular architectures, which focus on a core set of components, surrounded by independent modules that may be interchanged and combined (Baldwin and Woodard, 2009) . One of the advantages of modularity or modular architectures, is that it allows for innovators to combine and replace these components. As a result, modularity enables greater product variety, experimentation and recombination (Takeishi & Fujimoto, 2001; Utterback, 1994; Fleming and Sorenson, 2001) . Therefore, modularity is expected to be associated with greater innovative outputs. At the same time, since modularity leads to a lowering of the complexity of particular innovations, makes it easier to imitate and replicate such modular innovations (Pil and Cohen, 2006; Baldwin and Henkel, 2015) .
As a result, there has been considerable inquiry into how the modularity of technologies shapes product market outcomes. Because of the threat that modularity poses to appropriability, much of the attention has been on how organizational or behavioral factors may shape impact of modularity on innovation (Lau et al, 2010; Cabigiosu and Camuffo, 2012) . While these studies have outlined different contingencies under which modularity may be beneficial or harmful, the overall consensus of the literature on modularity that a shift from a completely integrated to slightly more modular architecture would lead to more innovation and in turn better product market outcomes, conditional on effective appropriability.
While the use of middleware specifically has not been looked at from the perspective of modularity, there have been numerous studies that have looked at reuse in open source software projects with the lens of modularity (Haefliger et al., 2008) . While these studies have looked at the reuse of components of code, they do not consider the use of broad components such as middleware. Re-use of major components such as middleware is likely to have a major impact in innovation outcomes. Relatedly, there has been a set of studies that have looked at remixing or recombining different modular components but with the perspective of broader online communities, such as 3D printing communities (Flath et al., 2017; Kyriakou et al., 2017; Stanko, 2016) .
General Purpose Technologies
While the literature on recombinant innovation and modularity have a perspective on innovators that choose to reuse existing technologies, the literature on general purpose technologies (henceforth GPTs) has focused on how the availability of certain technologies influences subsequent innovation. For instance, general purpose technologies such as electricity (Bresnahan, 2010) , computers (Bresnahan and Gambardella, 1998) , and recently, AI (Trajtenberg, 2018) have created follow on innovation in a variety of different industries and applications and lead to long-term growth.
Understanding that a technology has general applicability (or can be thought of as a GPT) has implications for how we can expect it to impact subsequent innovation. On the one hand, these general technologies reduce the costs of subsequent innovation making it simpler to use this technology to perform different functions. An example can be given by the use of packaged software (Bresnahan and Gambardella, 1998) , which reduced users' need to write (or hire someone to write) a program for often used functionalities such as word processing. At the same time, there are customization costs to adapt these technologies to specific applications, particularly those that are distant from the native applications of the GPT (Gambardella and Giarratana, 2013) . Therefore, while these GPTs may lower costs of using the basic technology, they may also incur a different set of costs while customizing these general technologies to specific applications.
Software and information-technology have been used as canonical examples of GPT's because of the applicability of these technologies to a wide range of industrial applications (Jovanovic and Rousseau, 2005 ). Yet, this literature has not looked at smaller technological components within these areas and considered how they may influence subsequent innovation. One exception is the work of Thompson and Spanuth (2018) which looks at the use of GPU processors in computing and how this influenced innovation. Similarly, Cockburn et al. (2018) look at the growth of AI technologies within computing and their implications for subsequent innovation from a GPT perspective. However, these existing studies have been largely theoretical and have not used data on the outcome of these technologies. Studies on GPTs more generally have not considered how the decision to use this technology or not influences subsequent innovation outcomes, or whether that decision exists at all. Additionally, there are no studies to our knowledge that have considered middleware as a general purpose technology or how it might have impacted subsequent innovation.
Conceptual Framework
As we have motivated thus far, our goal is to understand how the use of middleware influences the types of software innovations that are created. Conceptually, this means that we will try to understand the selection process, around the technological recombination process, and specifically the association between different types of middleware and product market outcomes.
There exist potential tradeoffs regarding whether to use existing middleware components. The use of middleware constitutes an increase in the modularity of components, and therefore represents a reduction of costs in software development. However, it also represents a reduction in the flexibility or customizability because using middleware imposes the constraints embedded within those components.
For instance, to use the earlier case of the Google Maps API, developers can choose to use these components which greatly reduce the costs of introducing maps or navigational components in their products. However, in doing so they are also forced to accept the restrictions and limitations of these components. This is a broader tradeoff that exists outside of software development. For example, Sorenson & Fleming (2001; p. 1024) argue about the use of modular components in chip design in a similar fashion:
"Use of the modular microprocessor makes the process easier, more assured, and probably
faster, but it also imposes various design choices upon the team, such as electrical characteristics, pinouts, and architectures. The team's chances of building a working computer increases, but their flexibility to optimize that system declines."
These factors may shape greatly both the type of innovation and the relative value of the success and novelty outcomes in the final product.
Middleware and the Novelty of Innovation
An important outcome of the technological recombination process is the novelty or distinctiveness of the technology being generated (Fleming, 2001; Veugelers, 2015, Arts and Fleming, 2018) . The specific meaning of novelty in this case relates to the how different or distinct a product is from those that have come before, rather than being related to quality or value of an innovation (Castañer, 2017) . Additionally, we are interested in the novelty of the product from the perspective of the consumer, rather than its underlying technological novelty.
There are a number of mechanisms through which the use of middleware may be associated with the creation of more novel products. Since using pre-existing, modular, middleware components reduce the costs of creating new products, software developers can reallocate the resources they would have had to spend on creating basic functionality (now done through middleware), with more creative pursuits.
This could lead to the development more novel and creative products. Additionally, given that software development is generally carried out in teams (of designers, programmers, etc.), this could reduce the need for technical expertise, enabling individuals with more diverse and less technical backgrounds to contribute to these projects. This increase in diversity could then lead to more novel outcomes (Singh and Flemming, 2010) . From a recombination perspective, the modular nature of middleware may also reduce the costs of experimentation, enabling developers to combine technologies in more diverse ways.
The ability to experiment and seek out more novel forms of recombination may in turn lead to more novel outcomes, as past studies of recombinant innovation have suggested (Kaplan and Vakili,2015; Arts and Veulgers, 2015; Flemming, 2001 ).
However, there also exists a mechanism through which using middleware may limit the creation of more novel or distinct products. As much as a shift towards modularization and a reduction of costs, middleware also constitutes a decrease in the flexibility of how certain products are used (Fleming and Sorenson, 2001 ). For instance, it becomes difficult to customize features that are built into the middleware components, and to adapt them beyond what the middleware allows. This is consistent with the idea of customization costs of a general technology for a specific purpose within the general-purposetechnology literature (Gambardella and Giarratana, 2013) . While these general technologies may reduce the cost of creating subsequent innovations, they do create customization costs whereby it becomes costlier to customize the general technology for a specific -or a more unique-purpose. These restrictions on the part of middleware may lead to less differentiation and in turn reduces novelty.
While it's unclear which one of these effects is dominant, it can be said that these effects are not mutually exclusive. It may be that middleware allows firms to reduce costs allowing firms to reallocate resources to more creative pursuits, but that these customization costs may limit scope for creativity. In the end, these together may counteract each other leading to a null effect.
We frame these countervailing arguments as competing hypotheses, but we could also expect a non-effect suggesting that these different effects are leading to a null effect.
Hyp 1a.
Middleware is associated with more novel products.
Hyp 1b. Middleware is associated with less novel products.
In the end, we do not expect a causal relationship between middleware and any particular outcome.
The choice of using particular software components is often made consciously, and is an endogenous part of the product development process. We are trying to understanding the associations, or the selection process, which leads middleware to be used. However, understanding this association is fundamental to our understanding of how recombinant innovation shapes market outcomes.
Middleware and Product Demand
Perhaps the most important outcome regarding recombinant innovation, is how the recombination of different technologies influences the usefulness of a particular technology (Fleming, 2001; Majchrzack et al., 2004) . Existing studies have looked at this from the perspective of patents, and knowledge
recombination. Yet, as mentioned in earlier sections of this paper, we do not understand how this affects product market outcomes, such as demand. This can be thought of empirically as the total sales of a product.
There are a number of different mechanisms through which middleware may be associated with better market outcomes, in the form of greater demand or more revenue. Once again, middleware may reduce costs and allow firms to focus less on mundane development tasks, and focus efforts on creative or value enhancing activities. Similarly, the modularity of middleware makes it easier to recombine different combinations, allowing firms to experiment until they arrive at the most valuable or most reliable combinations (Fleming and Sorenson, 2001 ).
However, middleware might also lead to less valuable products, as the lower costs of software development will reduce the costs of creating a minimum viable product and in turn enable less professional entrants to join the marketplace. This lower cost of entry could lead to lower quality or niche products being released into the marketplace. There is evidence of this from mobile application marketplaces, where the lower costs of developing software lead to lower quality entrants (Boudreau, 2018) . Therefore, we could see an association between the use of middleware and less valuable, or lower revenue generating products because of the entry of lower cost entrants.
Once again, these effects may not be exclusive. The use of middleware may jointly lead to a reallocation to more valuable tasks, while simultaneously lowering the bar to entry and enabling smaller developers to enter. In such cases we would observe middleware to be used in concert with both highly valuable products, and less valuable products.
We frame these countervailing arguments competing hypotheses, which we attempt to resolve in our empirical analysis. We may also encounter non-effects which would also provide meaningful insights.
Hyp 2a. Middleware is associated with more valuable products.
Hyp 2b. Middleware is associated with less valuable products.
Specialization in Middleware Use
The use of a particular recombinant innovation may not be a one-off decision, but firms may become repeated users of middleware and specialize in middleware based development. Much like the initial choice to use middleware, the decision to specialize in middleware development may be endogenous to the types of products that they create. For instance, it might be a particular type of firm that selects into being a middleware based developer and therefore specializes on using these technologies. Alternatively, it might be that the use of middleware shapes subsequent decisions, as their assets, skills and expertise become more suited to build on middleware rather than developing individual components themselves. The mechanism underlying this specialization process may directly shape the relationship between how specialization moderates the relationship between middleware use and product market outcomes. Below, we hypothesize both cases regarding selection and treatment effects.
Selection Leading to Specialization
If the specialization towards middleware is being driven by a selection process, then those firms which would benefit most from the use of middleware are likely to be the ones that specialize in middleware based development.
As the earlier motivations suggests, there may be tradeoffs for larger, established developers to use middleware. These developers may benefit by being able to reduce costs and re-allocate resources to more creative development tasks, but they may also face a downside to middleware use from the reduced flexibility associated with reusing existing components. As such, larger developers may opt to develop a customized technology that is better tailored to their own needs. Alternatively, as the introduction of middleware may lower costs and enable smaller, less asset rich, developers to enter into the marketplace, these smaller developers face fewer downsides to using middleware (as without middleware they would likely not exist). Therefore, if selection mechanisms are at play, smaller developers are more likely to be those that specialize in using middleware. Following the earlier arguments, those smaller developers that are likely to enter as middleware reduces development costs are going to generally be of lower quality (Boudreau, 2018) , but at the same time be more likely to experiment and undertake less common recombination of technological components, leading to more novel outcomes (Fleming, 2001 ).
Therefore, we would expect that if the decision to specialize in middleware development is driven by selection then specialization would be associated with higher novelty, but less valuable products.
Hyp 3a.
As firms specialize in using middleware, the products they create with middleware are associated with higher novelty.
Hyp 4a.
As firms specialize in using middleware, the products they create are associated with lower value.
Adaptation Leading to Specialization
If the specialization of middleware based development is a process that happens through learning and the adaptation of firms on the basis of experience, then we would expect that as firms progressively use more middleware then the profiles of their products that they use middleware will change accordingly.
By using middleware on one project, developers are forgoing the option of developing basic underlying technological components and instead focusing on more creative development tasks. In doing so, they will become more efficient at using middleware to create products, as well as developing assets, skills and human capital in middleware based development. For subsequent projects, if they were to return developing without using middleware, they would have to abandon any middleware specific assets and instead reinvest in developing the basic development skills that were previously being performed using middleware. In this case, developers would be more and more likely to specialize in middleware based development, and in turn developing middleware specific skills, assets and expertise.
This specialization in middleware based development would imply that the most experienced or specialized firms would be adept at the process of experimenting with middleware, allowing them to arrive at the most valuable combinations more easily (Kogut and Zander, 1992; Cohen and Levinthal, 1990; Kim and Kogut, 1996) . Additionally, if the use of middleware allowed firms to reallocate resources to more creative or more value creating tasks, then we could expect that those specialized in middleware would be able to extract the most value out of middleware when creating middleware based applications.
At the same time, the focus on building and recombining a core set of technological components may have its limits. As Kim and Kogut (1996) suggest "The repeated application of a particular set of technologies or organizing principles eventually exhausts the set of potential combinations" (p. 285).
This implies that the specialization on middleware development, while efficient and able to create value, may make it more difficult to create novel or distinct technological components. This is likely to increase as the degree to which these components are reused increases, and the potential set of combinations is increasingly exhausted. This in turn implies that the specialization in middleware based development is likely to be associated with lower novelty.
Therefore, we would expect that if the specialization of developers towards middleware based software development is driven by adaptation, then we would expect that specialization is associated with less novel, but more valuable products.
Hyp 3b. As firms specialize in using middleware, the products they create with middleware are associated with lower novelty.
Hyp 4b.
As firms specialize in using middleware, the products they create are associated with higher value.
Data and Variables
We study the use of middleware and subsequent product outcomes in the console gaming industry between 2001 and 2010, during the time that Generation 6 and 7 of video game consoles were available in the marketplace. We focus specifically on the use of middleware by game developers in developing complements for these period's game consoles. We chose this period, because in 2001, middleware was officially introduced into the console game industry, allowing us to study a period where there was heterogeneity in the use of middleware (which is now widespread).
We assembled data from multiple sources to perform this analysis. We collected data on releases of console games from Moby Games, which contains the most detailed historical information about the games available on all major video gaming consoles. This data has been used in earlier studies (Mollick, 2010; de Vaan et al., 2015) , specifically because of its rich history of the video game industry. This data includes information about quality ratings, as well as detailed information about the composition of the developer team. These data also include rich product descriptions, describing the content of the game.
Finally, this data also contains information about game engines, physics engines, graphics/3D engines, as well as other middleware tools (such as those used for animation, or creating environments to use in games) which are the most common forms of middleware used. This also reflects whether the middleware was licensed by a third-party to the developer -a critical issue as we focus on such licensed middleware in our analysis. In addition, this data was combined with detailed sales information from NPD that includes the demand (revenue) generated by every title available on these consoles.
Measure of Middleware
Our middleware measure intends to capture whether firms are using middleware, made by a third party (other than the platform and game developer) that can be used across multiple products (ie. games).
These middleware components broadly fall into Game Engines, 3D Engines, Graphics Engines, Physics
Engines, and Other Tools (representing smaller tools for animation, environment building, networking etc.). We look both at the total number of middleware components used in each product, as well as dummies for individual types of middleware to test the robustness of the effects.
Measure of Performance
We measure the popularity of software titles based on the revenues that the title generated in the US Console Game market during its lifetime. NPD research data provides us with monthly sales of games in US market from January 1995 until February 2010. Since our sample ends in 2010, our sales data is not truncated for products that were released later, since we are able to observe the entire period that games are on the market, including those released in 2010 3 .
Measure of Novelty
As described thus far, our notion of novelty relates to the concept of how distinct a product is from those that have been previously released. The inherent challenge in measuring the "degree of novelty" is defining whether something is different from the existing set of products, particularly when all product development inherently involves variation and doing things that are somehow different. We construct our measure of novelty on the basis of the Moby Games text description of each game, that captures succinctly the objective, ideas and concept of a particular game. Importantly, the description does not contain information about middleware used and other technical components. A common approach in determining novelty from text data involves constructing measures based on angular distance (cosine distance or Euclidian distance) between vectors based on product descriptions. However, these measures have limitations, because they do not account for the fact that all products are to some extent "differentiated" from existing products. Therefore, existing studies have not been able to even qualitatively distinguish products that are in fact novel.
We adopt techniques from anomaly detection, a commonly used machine learning approach, to construct a measure of novelty. Most classification problems in machine learning require pre-specifying groups (i.e. A and B) and training an algorithm to distinguish between different observations (characterized by a vector of characteristics). However, there are cases where it's difficult to specify these groups prior to training a model. For example, machine learning techniques are often used in data security or manufacturing to identify when future data are different from past data. An application of this is to identify problems in manufacturing when performance or quality metrics in the future differ from these metrics in the past. Anomaly detection is a classification technique developed for such instances, where the there is considerable data on current situations, but the objective is to model whether future data differs from these earlier data. This technique works by fitting a contour (surface) around the training data (data from the current period, time t) and then checking the position of the test data (from the following period, time t+1) relative to this contour. Observations within the contour can be thought of as being similar to existing data (regular or normal) while observations outside of the contour can be through of as being distinct (irregular, anomalies or abnormal) observations. This is illustrated in Figure 1 .
------------------------------------Insert Figure 1 about here -------------------------------------
We adapt this to measuring the novelty of individual software titles based on their software descriptions. Using the software descriptions, we removed punctuation, tokenized the data (removed grammar and suffixes) and converted the descriptions into term frequency vectors (a vector for each title, with k terms for the frequency of each word that occurred in the description. This approach ignores word order, meaning, sentiment and more complex context. It is what is referred to as a "bag of words" approach. Once we converted the text data to numerical (term frequency vectors) we can proceed with the novelty detection algorithm.
For each year of the data we construct two samples. We construct a training sample (term frequency matrix) for all titles prior to the year in question and a test sample (term frequency matrix) for the focal year. We then run our anomaly detection algorithm to fit a contour around the training data.
This contour can be interpreted as the "novelty frontier" which defines the products in the training data.
We use a one-class support vector machine. 4 Our algorithm provides two sets of results: First it provides a classification for whether each title is novel or not novel. Second, it provides raw score of how far each observation is from the novelty frontier.
We tested the robustness of our results to conventional measures of distance, such as angular distance between the term frequency matrices described above. We also tested topic modeling and other dimensionality reduction techniques and computed the metrics using these refined data to test the robustness of the results.
Additional Controls
In our analysis, we include a number of control variables to capture different factors that may be influencing the results. In all of our regression analysis, we include Fixed Effects at the time (release year of game), firm (publisher) and category (product market niche/genre) level. We include as a control variable, Product Experience which is the log-transformed number of products that the firm has previously released. We also include as a control Middleware Experience, which is a log-transformed count of the number of products previously released that used middleware. Including both of these variables simultaneously helps to capture the size of the firm and its overall product portfolio, as well as the proportion of those titles that were based on middleware.
We also include Licensed Title which is an indicator variable, equal to one if the rights to make the game were licensed from an outside entity. An example of this would be James Bond based game 007: Goldeneye, which was built around the James Bond IP. This may shape both the novelty of the game and demand, and therefore is included as a control. Inhouse Middleware is an indicator variable that indicates whether the firms is using some middleware components that they developed themselves inside their products. This helps to capture differences that may exist between products where middleware components are necessary, versus those that may be too simple and where middleware components might not be used. Project Size is a log-transformed count of the number of technical credits (developers, creative executives, engineers) involved in creating the game. This is a common proxy for the budget of the actual game, since the primary input for game development is human capital such as programmers and game designers. This measure has been used in a number of other papers (Mollick, 2010; de Vaan et al., 2015; Claussen et al., 2014) .
Analysis and Results
We begin our analysis by providing descriptive evidence for how the use of middleware maps to patterns of novelty and product demand. We affirm the robustness of these descriptive patterns using regression analysis in later sections.
Descriptive Evidence on Product Novelty
As a first attempt in understanding the patterns between product novelty and middleware use, we compare the use of middleware components over time and resulting product novelty in Figure 2 .A and 2.B. The first clear pattern is that the use of middleware increased year over year throughout our sample, while the novelty of the products simultaneously declined. We provide a third comparison directly contrasting these two, by comparing the share of titles that were novel (i.e. beyond the novelty frontier)
by different levels of middleware in Figure 2 .C. Here we see that products which used fewer middleware components were more novel, while those that used a greater number of middleware components were less novel. In the extreme case where products were based on three middleware components, there were no titles that were beyond the novelty frontier. This provides the first evidence in support of Hypothesis
1.
Next, we compare the distribution of novelty scores (calculated as described in earlier sections) stratified by the use of middleware. 5 We present the stratification based both on the aggregate measure of middleware and the individual types of middleware. In Figure 4 , we present histograms for the observed novelty scores for the use of different types of middleware, along with kernel density regressions for the distribution of novelty ratings for products with and without middleware. Across each of the subplots, the distribution of novelty scores for titles that do not use middleware is shifted to the left (towards negative scores), while the distribution of novelty scores for titles that do use middleware is shifted to the right (towards higher scores). In the instance of 3rd party game engines, the entire histogram of products that use game engines is shifted to the right of the novelty frontier (indicated by the vertical blue line). These results further suggest that products which use middleware components (middleware) are on average less novel than products that do not use them, consistent with Hypothesis 1.
------------------------------------Insert Figures 2.A, 2.B, 2.C & 3 about here -------------------------------------

Descriptive Evidence on Product Demand
Here we focus on the descriptive relationship between the use of middleware and the value or demand for a particular product, measured by the total revenue that it generates. We again compare the distribution of our outcome, total product sales, using a histogram and kernel density regression for products that use middleware and those that do not. The revenue measure here is corrected for year, niche (category), publisher and product size.
In all of the figures, we find that the distribution is shifted to the right for those titles that use middleware. However, the different is higher for some types of middleware than for others (highest with game engines). This suggests that titles which use middleware are more likely to be more valuable, at 5 As described in earlier sections, negative novelty scores indicate that a product is beyond the 'novelty frontier' (products that are novel), while positive scores indicate a distance away from the novelty frontier (products that are not novel).
least in the right tail. The means of the distributions appear to be slightly shifted. However, the results are not as drastic as those for product novelty. To test for clearer support of Hypothesis 2, we move to regression analysis in subsequent sections.
Regression Analysis for Product Novelty
Here, we look for a more stringent test of whether the use of middleware is associated with lower product novelty consistent with Hypothesis 1 and the earlier descriptive evidence. Given that our outcome variable is normally distributed, and centered below zero, we use an OLS regression with the novelty score as our outcome variable. We present the results of these regressions in Table 1 . In Columns 1 through 3, we introduce our measure of middleware use along with Time Dummies, Publisher (Firm) and Category Fixed Effects, as well as additional control variables. The results suggest that middleware use is associated with less novel products and the results are significant at the 1% level. In Column 4 and 5, we split the middleware variable into different components including individual dummies for the number of middleware components that are used (ie. 2 or 3 components), and dummies for the individual components (Game Engines, 3D engines, etc.). The results in Column 4 suggest that more middleware is associated with less novelty consistent with earlier results, while the results in Column 5, suggest that different components may contribute differently, but that individual components constitute a much weaker (or noisier) effect than the combination of these components. These results provide overall support for Hypothesis 1. As a further test, we plot the mean number of middleware components different increments of novelty score in Figure 5 . This is equivalent to the earlier regression results but allows us to explore the exact region which is driving our results. We can see that in the region around the novelty frontier (Novelty Score ~ [-0.01, 0.02] ) that the number of middleware components is relatively similar.
However, in the areas where the novelty score is high (i.e. novelty is very low), the number of middleware components is very high. This suggests that it is those products that are very similar to other products, that use the highest number of middleware components, further affirming Hypothesis 1.
In Table 1 -Column 6, we interact the use of middleware with our measure of middleware experience. This provides a test of the competing Hypotheses 3a & 3b. The interaction term in Column 6 is significant and negative, while the baseline term becomes positive but insignificant. These results suggest that firms which have middleware experience generate products that are less novel, but also that when they use middleware they become specialized and in turn generate even less novel products. This provides support for Hypothesis 3b and rejects Hypothesis 3a.
- Figure 5 about here
The results in Table 1 , are all based on the outcome variable we constructed using our anomaly detection algorithm. To test whether these results are being driven by the use of that specific algorithm, we constructed a number of alternative measures. In Table 2 , we present the results (correspond to Column 3 and 6 of Table 1 ) for different outcome measures. In Table 2 -Columns 1 & 2 we present the results from Table 1 as a reference point. The outcome variable here is the novelty score based on our anomaly detection algorithm. In Columns 3 and 4, we calculate the cosine distance between the termdocument matrices for individual titles and the population of all products that had been previously released. Here we do not alter the dimensionality (i.e., number of features) of the term-document matrix.
The results are comparable to those in Columns 1 and 2, however with different magnitudes which is expected given the different outcome variable. In Columns 5 and 6, we repeat the calculation of cosine distance, but use a dimensionality reduction approach to reduce the number of features. In this particular case, we used topic modeling to identify topics in the descriptions and then calculated the cosine distance on the basis of topics rather than raw word features. The results are consistent with those in earlier columns. These results are robust to different approaches that we have tried, including Latent-Dirchet Allocation, Cluster Analysis (SVD) and Non-Negative Matrix Factorization. The results were comparable if these distance metrics were calculated on the basis of cosine distance or a novelty detection algorithm.
- Table 2 about here
Regression Analysis for Product Demand
Here, we look for a more stringent test of the impact of middleware components on product demand measured by product value. Once again, our outcome variable is normally distributed as the distributions shown in Figure 4 suggest. Therefore, we use an OLS regression with the log-transformed product revenues as the outcome variable for our analysis. We present the regression results in Table 3 .
In Columns 1 through 4, we include our main variables of interest and controls including Year, Publisher and Genre Fixed Effects as well as our set of controls from the earlier regression. The coefficient for N.
of Middleware Components is positive and significant at the 1% level, suggesting that middleware use is associated with more valuable products. In Columns 5 and 6, we split our measure of middleware into the number of middleware components (Column 5) and into the types of components (Column 6). The results suggest that using a higher number of middleware components is associated with higher demand, but simultaneously using individual components does not appear to be related to higher demand, as indicated by the negative but not significant coefficients in Column 6. In Column 7, we introduce the novelty measure from Table 1 as a control variable to test whether this is being driven by the relationship between novelty and middleware. The novelty coefficient is insignificant, while the baseline effect for middleware use remains consistent in sign and significance. These results provide support for Hypothesis 2. In Column 8, we interact our measure of N. of Middleware Components with our measure of Middleware Experience. The results indicate that Middleware use by those that have Middleware experience is associated with higher revenues, while the baseline coefficient becomes insignificant and decreases in sign by several orders of magnitude. This result provides support for Hypothesis 4b and a rejection of Hypothesis 4a. Table 3 and Figure 6 about here
Accounting for Selection in Middleware Use
The results thus far support Hypothesis 1 and 2. Additionally, the mechanisms at play, at least regarding the use of middleware (not specialization) suggest that the core decision regarding whether middleware is used may be driven by selection. Practically, this means that the results we are observing are a consequence of the fact that middleware is used when developers want to reallocate resources to from developing base components to more valuable activities (leading to higher demand), but also leading firms to deviate from developing novel products because of the customization costs associated with middleware. This implies that at the core, the use of middleware is being driven by a tradeoff between costs of hiring software developers, relative to the costs of using middleware components. To test for evidence of this relationship, we look to an exogenous shift in the relative costs of middleware use and identify whether it influenced this relationship.
Console game developers, like many other technology and software firms, are largely US-based and rely heavily on foreign talent often through H1-B visas. These visas provide the opportunity for foreign nationals to work in the United States, but do not allow them to transfer employers effectively providing a captive workforce that has limited scope to negotiate higher wages. This is an important determinant of labor costs in situations such as software engineers in the bay area, where the wealth of outside options can lead to strong bargaining power on the part of employees and in turn very high wages.
In 2004, the US imposed a quota on H1-B visas that made it more difficult to acquire this foreign talent.
US software developers that wanted to acquire talent found it more difficult to do so after this shock.
However, those that already had previously hired workers on H1-B visas had an even more captive, and in turn cheaper, workforce because these workers were not able to switch to other companies (because they would have to get a new H1-B visa). We exploit this as an instrument to account for selection effects that may be at play in the use of middleware components. We collected data on the applications and grants of H1-B visas for all US firms, and matched these to the firms that existed in our sample. This provided us with information about which firms had relied on software engineers and game developers from foreign countries though the H1-B program.
We construct several instruments: 1) A count of the number of employees that were previously hired through the H1-B program (US only firms), and 2) an interaction of the number of employees previously hired, with an indicator for the period after the policy change. This captures the effect of the policy change on those that had a larger based of foreign employees. The indicator of the period after the shock is omitted from the analysis because this variation is captured by the time dummies in the main regression.
In Table 4 , we present the 2SLS instrumental variable results for both novelty and revenue outcomes. In the first part of the table, we present the results of the first stage regressions. The outcome for the first stage regression is the N. of Middleware Components that has been used in the analysis thus far. For our first stage instruments, we find that those firms which a greater number of H1B visas are more likely to use middleware components, but that after the policy change the effect is reversed and they become less likely to use middleware components. These results are significant at the 5% level, and the first stage F test is also significant at the 5% level. This is consistent with the process described above.
In the second stage, we find that after we account for selection the negative relationship between middleware use and novelty disappears and there exists no significant relationship, although the effect is positive in sign. Conceptually, this means that once we account for selection, in the sense that middleware has high customization costs and therefore it becomes less likely to be used, we find that middleware does not have any effect on the novelty of the products created. This provides further support for the mechanism we suggested in the earlier analysis, namely that middleware use is associated with lower novelty on account of high customization costs.
We also find that accounting for selection using instrumental variables leads to a change in the sign of the relationship between middleware use and product revenues. Conceptually, this means that since middleware is being used by developers that are deliberately allocating more resources to software development, we are observing that middleware use is associated with more valuable innovations.
However, once we account for selection process using instrumental variables, we find that the opposite is true and those that use middleware are likely to be less valuable because it becomes more difficult to differentiate a product based on middleware from others. This further reaffirms that the mechanism at the heart of the choice of using middleware is a selection process of which developers choose to use middleware.
- Table 4 about here
Summary of Results
Our results indicate that the use of middleware is associated with products that are of lower novelty, but higher overall product value. We theorize that such a relationship is driven by selection, whereby customization costs lead to middleware being used for less novel products. Similarly, we theorize that there is a selection process through which middleware allows firms to reallocate resources to more valuable development tasks, leading to an association with middleware use more valuable products. While the results are consistent with these predictions, we also directly test for this by exploiting a policy change that allows us to control for this selection. Using this instrument, we find that these effects dispensary and are reversed suggesting that this selection process at the level of individual products is driving the choice of whether firms will use middleware or not. This provides support for Hypothesis 1 and 2.
However, at the level of firms, we find evidence of an adaptation process that explains how firms specialize in using middleware. We find that when firms begin to initially use middleware that they are not able to generate higher returns or less novel products. However, as they become more experienced in using middleware they become more specialized, experiencing higher customization costs and less willingness to develop basic functionality (consistent with the novelty and performance results above).
This provides support for Hypothesis 3b and 4b, rejecting Hypothesis 3a and 3b.
Discussion and Conclusion
In this paper we explore how the use of middleware components, as an important boundary resources on many digital platforms, shapes the resulting innovation outcomes. We find that middleware is associated with lower novelty, but higher product demand (or value) and that this is exacerbated by experience. Both our theoretical arguments and empirical analysis suggest that the underlying mechanism driving this relationship is the selection process whereby firms choose to use middleware components to develop products where they do not want to incur customization costs, and products where they can easily reallocate resources from developing low level functionality (now handled by middleware), to focus on more value creating activities.
These contribute to the body of literature that has looked at boundary resources on top of platforms (Eaton et al, 2015; Ghazawneh and Henderson, 2013) , but has yet to consider how these resources shape innovation outcomes. Additionally, this paper contributes to the literature that has looked at the technological recombination process (Teodoridis, 2017; Fleming, 2001) , and particularly those studies that have looked at the decision that innovators make of which technologies to reuse (Majchrzack et al., 2004) . The paper contributes to these literatures by studying how the reuse of particular technological components, and the decision of which components to reuse, influences technological outcomes, particularly those of the products created (such as novelty and value).
From the perspective of a platform owner, or an entity that wants to offer boundary resources such as middleware to enable innovation, results of this study provide important insights into how this may end up shaping innovation outcomes. The important conclusion is that middleware components have an important tradeoff at the core. They both enable innovation and lead to the creation of more valuable innovations, because they allow firms to avoid having to recreate basic functionality. However, at the same time, they impose constraints that limit the ability to create more novel components, and in turn creativity. Simply looking at this does not provide the full picture. Given the strong selection mechanisms at play, as demonstrated by both the theory and the analysis, the availability of middleware may greatly shape the types of products being created. For instance, middleware does not on its own limit creativity.
However, it does create customization costs in relative terms and therefore shifts product development towards less creative and less novel products. Similarly, while middleware may make it more difficult to differentiate a product from others, it allows firms to reallocate their resources towards more valuable development tasks leading to more valuable innovations overall. Therefore, choosing how, whether and when to offer these boundary resources such as middleware components directly shapes the direction of the innovation process that occurs. If this is in the hands of a platform owner, then introducing middleware comes with a clear tradeoff and one that has to be carefully managed in order to optimize the level of innovation that is occurring. The novelty detection algorithm used in this paper is based around a one-class Support Vector Machine Classifier. This algorithm fits a contour (boundary) based on observations at a time before the current period (ie. pre-observations). Choosing this boundary has some discretion and we can allow for a certain share of observations to be outside of the boundary (i.e. white dots outside of the learned frontier in Figure 1A ). We then overlay (or predict in mathematical terms) whether the observations that come after are within or outside of the learned frontier. The novelty score indicates the distance of a particular observation from the boundary of the learned frontier. The instrumental variable regressions here are used to evaluate whether once controlling for selection the results change. We find that after introducing the instruments, our results change drastically indicating that this is in fact being driven by a selection process, consistent with our predictions.
